Crop modelling has so far contributed little to the genetic analysis of a quantitative trait. This study illustrates how a simple model for crop phenological development, which assumes that crop development rate is aected by daily eective temperature, can assist the identi®cation of Quantitative Trait Loci (QTLs), using speci®c leaf area (SLA) in barley as an example. The SLA was measured in a ®eld experiment six times during the growing season of 94 recombinant inbred lines (RILs) derived from a cross between cultivars Prisma and Apex. Of the six measurements, one was conducted at the same physiological age for all RILs (at¯owering), four were undertaken at speci®c chronological days prior to¯owering, and the last one was taken at 14 days after¯owering. When the measured SLA was directly used as the quantitative trait, one to three QTLs were detected for SLA at each measurement time. The major dwar®ng gene denso segregating in the population was found to aect SLA strongly at all measurement times except at¯owering. If SLA of the dierent RILs was corrected for dierences in physiological age at the time of measurement, by the use of the crop development model, QTLs were detected for SLA at only three stages. Furthermore, the eect of the denso gene was no longer signi®cant during the pre¯owering stages. The eect of the denso gene detected in the ®rst instance was therefore the consequence of its direct eect on the duration of the pre¯owering period. This demonstrates the important role that crop development models can play in QTL analysis of a trait that varies with developmental stage. Potential uses of ecophysiological crop growth models in QTL analysis are brie¯y discussed.
Introduction
The advent of DNA-based molecular markers (e.g. Botstein et al., 1980; Vos et al., 1995) and new statistical methods (e.g. Lander & Botstein, 1989; Jansen, 1993; Jansen & Stam, 1994) has revolutionized quantitative genetics. They have made it possible to localize polygenes controlling quantitative traits and study the eect of individual genes on the trait, which was dicult in classical quantitative genetics. The acronym QTLs, which stands for Quantitative Trait Loci, has come to refer to genes for a quantitative trait. Numerous studies have been reported on identi®cation of QTLs for various quantitative traits in humans, animals and plants.
QTL analysis in agricultural crops has largely been con®ned to easily measured traits such as plant height, earliness, yield and its components, economically important quality traits, and resistance to biotic and abiotic stresses. Recently, awareness has been growing of the need for the genetic mapping of physiological traits in crops (e.g. Ellis et al., 1997) . Not only does mapping provide unequivocal answers to a range of physiological questions, it can also deal with questions that simply cannot be addressed by conventional physiological approaches. For instance, Simko et al. (1997) demonstrated that QTL mapping generated new insight into a causal relationship between potato tuber dormancy and abscisic acid content that would have been dicult to obtain by conventional correlation tests.
An important advance made in crop physiology over the last decades is the development of process-based ecophysiological crop growth models (Loomis et al., 1979) . These models are based on integrated knowledge from various disciplines, and are now being increasingly applied in problem-orientated agricultural research (Boote et al., 1996) . One of the applications is the explanation of dierences in yield potential of genotypes on the basis of individual physiological parameters, and the use of this knowledge for evaluating and designing plant types (Krop et al., 1995) . This is possible because their parameters can be used to mimic genetic characteristics of plants when crop growth models become more mechanistic and comprehensive (Boote et al., 1996) . As values of these parameters are genotype-speci®c, they are often referred to as genetic coecients ' (Hoogenboom et al., 1997) , re¯ect-ing the awareness that the variation of these parameters is under genetic control (Stam, 1996) . We have recently demonstrated that techniques for QTL analysis can be eminently suitable for elucidating the inheritance of a speci®c model parameter as a special type of quantitative physiological trait (Yin et al., 1999) .
There are a number of problems, however, associated with the existing approaches to QTL analysis, such as weak precision in positioning QTL, diculty of estimating the true number of QTLs, and so on (Kearsey & Farquhar, 1998) . Statisticians and quantitative geneticists are exploring new approaches that could provide better accuracy in QTL analysis. But it would seem unlikely that any great increase in reliability can be achieved, and at best some enhanced precision of the tests of signi®cance can be seen (Kearsey & Farquhar, 1998) . Support from other disciplines for an improved QTL analysis therefore might become important and should be explored.
Crop growth modelling has so far contributed little to the QTL analysis of a quantitative trait. In this paper, we attempt to show the ability of a crop growth model to assist QTL analysis, using the example of speci®c leaf area (SLA) in spring barley. SLA is leaf area per unit leaf dry weight, and thus is a crop trait characterizing leaf thickness. It is also an important parameter in crop growth models, both for calculating leaf photosynthesis and for estimating leaf area development (Boote et al., 1996) . Its value often varies with developmental stages in many crops, including barley (Grasho & d'Antuono, 1997) . QTLs identi®ed for their genetic variation may therefore be stage-dependent. We show here how a simple model for crop development is useful for QTL analysis of this trait in barley.
Materials and methods
The mapping population and the denso dwar®ng gene A population of 94 recombinant inbred lines (RILs) was produced by eight generations of single-seed descent from a cross of two-row spring barley cultivars Prisma and Apex. The two parents are commercial cultivars in the Netherlands. Prisma is shorter than Apex, largely because of a recessive dwar®ng gene called denso present in Prisma. The denso gene, conferring the distinctive prostrate juvenile growth habit (Haahr & von Wettstein, 1976) , has been mapped on the long arm of chromosome 3(3H) as a morphological marker (Barua et al., 1993; Laurie et al., 1993; Bezant et al., 1996) . In the AFLP marker map constructed from the Prisma´Apex RIL population, the denso gene was mapped at the position 126.4 cM of chromosome 3(3H) (Yin et al., 1999) . This gene has been found to be associated with a number of traits (Barua et al., 1993; Laurie et al., 1993; Bezant et al., 1996) .
The experiment
The 94 RILs were examined in a ®eld experiment conducted on alluvial clay soil in Wageningen (52°N latitude), the Netherlands. Crops were sown on 2 April 1997 and grown under optimal management conditions. Fertilizers (104 kg N, 65 kg P 2 O 5 and 60 kg K 2 O ha ±1 ) were all applied on the day before sowing. Plants were grown in plots of 10 rows; the rows were 8 m long and the plants were spaced at 13 cm. A randomized incomplete block design was used, with two replicates for each RIL.
Dates for three development stages (emergence,¯ow-ering and maturity) were recorded for each RIL. SLA during growth was determined by periodical destructive sampling. Sampling was undertaken at 17 days after emergence (DAE), 27 DAE, 38 DAE, 50 DAE,¯ower-ing, and 14 days after¯owering (DAF). Green leaf blade area was measured with a LI-1000 leaf area meter (LI-COR Inc., USA). Green leaf blade dry matter was determined after oven-drying at 105°C for at least 15 h. SLA was determined as leaf area divided by leaf dry matter.
Data analysis
The QTL analysis was carried out using MAPQTL MAPQTL 3.0 (van Ooijen & Maliepaard, 1996) , based on the AFLP marker map described by Yin et al. (1999) . Initially, the conventional interval mapping method (Lander & Botstein, 1989 ) was performed at 2 cM intervals to identify possible QTLs. Secondly, a more sophisticated QTL mapping model, the MQM mapping method (Jansen, 1993; Jansen & Stam, 1994) , was used. In this method, background markers are selected to take over the role of the putative QTLs as cofactors to reduce the residual variance. In our analysis, background markers closest to the indicated region of putative QTLs (LOD ³ 2.5) were gradually added as cofactors, until no further indicated QTL was found. A threshold LOD value of 3.0 was used to declare the presence of a QTL. Regions with LOD between 2.5 and 3.0 were considered as`suggestive' for QTLs.
First, the analysis was performed using data of SLA measured at each sampling time. As both¯owering and maturity dates were dierent among RILs (Yin et al., 1999) , physiological age or developmental stage (DS) diered among RILs at a given sampling date. The QTL analysis was therefore performed secondly using SLA corrected for the same DS of RILs. The correction was conducted by a linear interpolation between the two consecutive measurements based on the following barley development model.
In the model, the DS is de®ned to have the dimensionless value of 0 at emergence, 1 at¯owering and 2 at maturity. The value of DS at any other time is calculated as accumulated daily development rates from emergence. Daily development rate is assumed to increase proportionally with the eective temperature from a base value, 0°C (Do®ng, 1997), up to an upper limit, 26°C (Hodges & Ritchie, 1991) , above which the rate remains constant. Daily eective temperature is estimated as the average of hourly eective temperatures, and the hourly temperature is estimated from daily maximum and minimum temperature by a sine function assuming that the daily maximum temperature occurs at 14.00 h each day (Yin et al., 1997) .
Results
Measured values of SLA showed signi®cant dierences among RILs (P < 0.01) for all sampling times except for the SLA at the 50 DAE sampling (P > 0.10). As there is no signi®cant dierence in SLA between replicates, the average value of the two replicates was used for QTL analysis.
There were two QTLs detected for SLA at 17 DAE, one for 27 DAE, 38 DAE,¯owering and 14 DAF, respectively, by the use of the interval mapping method (Table 1) . Two additional minor QTLs for SLA at 14 DAF, one for 17 DAE and one for 38 DAE were detected by the use of the MQM method.
For the time at 50 DAE at which the measured SLA did not dier signi®cantly among RILs, there was only an indication of a marginally signi®cant QTL at the position of the denso gene (LOD 2.44). For other measurement times except for¯owering, a much more signi®cant QTL (LOD 4.25±9.01) was found at or in close proximity to the denso locus. The importance of the denso locus for the SLA measured at dierent times is further highlighted in Fig. 1 . The additive eect of this gene on SLA varied with times, from negative beforē owering to a positive value of 1.485 m 2 kg ±1 at 14 DAF (Fig. 1) . Plotting mean SLA in the sequence of measurement for the two allelic classes of the denso locus shows that SLA increased with stages up to¯owering for both groups, beyond which SLA remained relatively constant for genotypes with the`Prisma' allele but declined sharply for those with the`Apex' allele (Fig. 2) . Figure 2 also shows that SLA was higher in`Apex' thaǹ Prisma' allele genotypes before¯owering. A previous report had shown that the duration from emergence to¯owering was strongly aected by the denso gene and that the`Prisma' allele was associated with the late¯owering (Yin et al., 1999) . Therefore, a given physiological stage would have been at a later DAE for the`Prisma' allele genotypes than the`Apex' allele genotypes. Values of SLA corrected by linear interpolation to the same DS were therefore used in the subsequent QTL analysis. Developmental stages of 0.20, 0.35, 0.50, 0.80, 1.00 and 1.28, corresponding roughly to the six measurement times, were used to represent the results. Use of other DS values essentially yielded similar results.
For the corrected SLA, a total of only three QTLs was detected by the interval mapping, one each for the DS 0.35, 1.00 and 1.28, respectively (Table 2) . Two additional QTLs, of which one was for the DS 0.35 and the other for the DS 1.28, were suggested by the MQM method. There was no QTL found for the DS 0.20, 0.50 and 0.80, and therefore, no information is given in Table 2 for these stages. For all the QTLs detected, the increasing allele was from Prisma ( Table 2 ). The eect of the denso locus, at which the increasing allele was found to derive from Apex when no correction was made (Table 1) , no longer had an impact on the corrected SLA before¯owering (Fig. 3) . The apparent eect of the denso gene on SLA shown in Fig. 1 therefore results indirectly from the eect of denso on the pre¯owering duration.
Discussion
QTL analysis is now increasingly used to clarify the genetic basis of various physiological traits (e.g. Ellis et al., 1997; Simko et al., 1997) , including those physiological parameters used in process-based dynamic crop growth models (Yin et al., 1999) . Unlike conventional quantitative traits (such as plant height, earliness, yield and its components, quality and resistance traits), Fig. 1 Plot of LOD scores (the thin curve for the interval mapping and the thick one for the MQM method) over chromosome 3(3H) for SLA measured at dierent times in the`Prisma'´`Apex' barley population. The value shown on the peak of the curve is the additive eect, estimated from the MQM method, of the denso locus which has been mapped at 126.4 cM of the chromosome in the marker map used in this study. The horizontal line at a height of 2.5 indicates the LOD threshold for the presence of a QTL.
physiological traits used in ecophysiological models are often dynamic by nature, varying with development stage. The analysis of this type of trait has received little attention from geneticists. Using SLA as an example, we showed here that we did ®nd many QTLs if the analysis was based on SLA measured on the same day for all individuals in a mapping population (Table 1) . A more logical measurement should, however, be conducted at the same DS for all individuals. This is practically impossible if the measurement needs to be made at stages that are not clearly marked by morphological changes such as tillering, spike initiation or¯owering. Use of an ecophysiologically based crop development model to correct the measured data for the same DS becomes an obvious alternative for such analysis. We demonstrated here the usefulness of a simple development model, assuming that crop development rate is aected by temperature only, in determining quantitative trait values of SLA for QTL analysis. When data on SLA were rescaled by the use of the model to represent a measure at the same DS for all RILs, a very dierent result was obtained (Table 2 ). Obviously, attention should be given to the determination of quantitative trait values for the QTL analysis of this type of trait at the same DS. Besides SLA, other traits with a dynamic nature are leaf nitrogen content, coecient for the fraction of assimilates partitioned into dierent growing organs, and some more integrated physiological traits such as water or radiation use eciency.
The precision of QTL analysis depends on a number of factors such as population size, marker density and distribution, data quality and the QTL mapping method used. Despite considerable eort by statisticians, all the methods of QTL analysis yield essentially similar estimates of QTL locations and gene eects (Kearsey & Farquhar, 1998) , although there is some improvement in the con®dence interval of QTL locations when the more sophisticated methods, such as the MQM method of Jansen (1993) and Jansen & Stam (1994) , are used (Figs. 1a,b,c,f and 3f ). In general, the power to resolve the location of QTLs is limited by population size and the genetic marker coverage of the genome (McCouch & Doerge, 1995) . The fastest way to develop a complete marker map is by the use of AFLP markers (Vos et al., 1995) supplemented with other markers such as RFLP (Botstein et al., 1980) and SSR (Rafalski & Tingey, 1993) . There is always a compromise between population size and data quality, and it may be necessary to sacri®ce population size to some extent in favour of the quality of both marker and trait data (McCouch & Doerge, 1995) . This is especially the case for the genetic analysis of physiological traits, because measuring a physiological trait is often costly and time-consuming. Although improving the precision for QTL analysis is largely the task of quantitative geneticists and biometricians, the example presented in this study showed that it no longer remains the privilege of those specialists. Physiologists and crop modellers should play a role in guaranteeing the quality of data for trait values. The heritability corresponding to an individual QTL largely determines whether the QTL can be detected or not (Kearsey & Farquhar, 1998) . The detection of low heritability QTLs often depends on the test environment, because of large trait-by-environment interaction eects (e.g. Tinker et al., 1996) . The impact of environmental conditions has to be minimized to identify the true genetic eect. Crop development models separate dierent aspects of responses of¯owering or maturity to photothermal environments (Yin et al., 1997) . Coecients in a physiologically robust model are genetically determined and are not altered by environment, but predict¯owering or maturity date of a genotype in a wide range of environments. If those conditions are met, the model is able to capture and to quantify the genotype´environment interaction (Roberts et al., 1996) . Similarly, ecophysiologically based crop growth models separate the dierent processes that determine yield ability and explicitly account for environmental eects on these processes (Bindraban, 1997) . Parameters used in crop growth models are also known as`genetic coecients ' (Hoogenboom et al., 1997) . It is expected that the QTLs, detected for the model parameters, will be environment-independent, and therefore that ecophysiological crop growth models can potentially be used to resolve QTL´environment interaction.
